Despite the growing numbers of forcibly displaced persons worldwide, many people living under conflict choose not to flee. Individuals face two lotteries-staying or leaving-characterized by two distributions of potential outcomes. This paper proposes to model the choice between these two lotteries using quantile maximization as opposed to expected utility theory. The paper posits that risk-averse individuals aim at minimizing losses by choosing the lottery with the best outcome at the lower end of the distribution, whereas risk-tolerant individuals aim at maximizing gains by choosing the lottery with the best outcome at the higher end of the distribution. Using a rich set of household and conflict panel data from Nigeria, the paper finds that risk-tolerant individuals have a significant preference for staying and risk-averse individuals have a significant preference for fleeing, in line with the predictions of the quantile maximization model. These findings are contrary to findings on economic migrants, and call for separate policies toward economic and forced migrants.
Despite the growing numbers of forcibly displaced persons worldwide, many people living under conflict choose not to flee. Individuals face two lotteries-staying or leaving-characterized by two distributions of potential outcomes. This paper proposes to model the choice between these two lotteries using quantile maximization as opposed to expected utility theory. The paper posits that risk-averse individuals aim at minimizing losses by choosing the lottery with the best outcome at the lower end of the distribution, whereas risk-tolerant individuals aim at maximizing gains by choosing the lottery with the best outcome at the higher end of the distribution. Using a rich set of household and conflict panel data from Nigeria, the paper finds that risk-tolerant individuals have a significant preference for staying and risk-averse individuals have a significant preference for fleeing, in line with the predictions of the quantile maximization model. These findings are contrary to findings on economic migrants, and call for separate policies toward economic and forced migrants.
Introduction
The United Nations High Commissioner for Refugees (UNHCR) estimates that there were 65.6 million forcibly displaced people worldwide at the end of 2016. 1 This estimate is the largest on record since the creation of the UNHCR in 1950 (Figure 1 ) and is constituted by Internally Displaced Persons (IDPs, 40.3 m), refugees (22.5 m) and asylum-seekers (2.8 m). The growth in these numbers is evidently associated with episodes of conflict and violence. The Syrian Arab Republicn, Afganistan and South Sudan conflicts have been responsible for the major outflows of refugees whereas conflicts in Colombia, Syrian Arab Republic, Iraq, Democratic Republic of Congo, Sudan and Nigeria are the ones that generated the largest numbers of IDPs.
Despite these numbers, most of the people who are affected by conflict do not migrate. Some people may have nowhere to go and others may not have the means or the opportunity to flee but many of those who live in conflict areas choose not to move. 2 What are the factors that explain this choice remains a rather unexplored question.
In this paper we posit that individuals living under conflict are Quantile Maximizers (QM) as opposed to Expected Utility Maximizers (EUM). Individuals face two lotteries -staying or leaving -corresponding to two distributions of outcomes that are observed and used to take migration decisions. In an EUM framework, individuals would focus on expected utilities (mean expected outcomes) and take decisions accordingly. In a QM framework, individuals self-select into groups that focus on different parts of the distributions of outcomes. In its most extreme form, we can imagine individuals partitioning into two groups. The first group focuses on the lowest outcomes of the two lotteries, and picks the lottery where this outcome is higher (maxmin group). This is the group of individuals that exhibit the largest aversion to risk and prioritize minimizing losses. The second group focuses on the highest outcomes of the two lotteries and picks the lottery with the higher outcome (maxmax group). This is the group of least risk-averse individuals (or risk-tolerant individuals) who seek to maximize gains.
When compared to the EUM approach, the QM approach is more parsimonious, flexible and realistic. Individuals are not expected to be knowledgable of all possible prospected outcomes, since they focus on one particular segment of the distribution of outcomes. This is a more realistic assumption in a context where information is scarce and erratic. It is also not necessary to speculate on the shape of individual utility functions. If individual utilities are identical for all, the EUM model would not be able to predict who flees and who does not because all individuals would face the same expected utility and would take the same decision. If utilities vary across individuals, an EUM approach would require aggregating utilities across the population, which is complex. Instead, with a QM approach, individuals' risk preferences are revealed by the quantile of the distribution they focus on:
at the extremes, maxmin individuals are the most risk-averse and maxmax individuals are the least risk-averse (risk-tolerant) . This is simpler, closer to the reality of conflict and also easier to test with empirical data.
In our knowledge, this is the first paper that uses a QM approach to study risk preferences in a conflict scenario. The first paper that formalized a QM approach to decision making is Rostek [2010] 3 . The paper provided the theoretical characterization of quantile maximization in decision theory but did not offer any empirical application and we are not aware of empirical works that used this approach. The first and only paper we found that studies risk preferences as a possible driver of forced migration is Mironova and Whitt [2017] . This is an unpublished experiment conducted in Syrian Arab Republic and Turkey between 2013 and 2014. Using a variation of the Grossman (2002 and risk game, the authors find combatants and non-combatants in rebel-held conflict zones to be more risk-tolerant than Syrian Arab Republicns living in other parts of Syrian Arab Republic or Syrian Arab Republicns who fled abroad to Turkey. These results are consistent with our results but the paper does not build on a QM model.
Two recent papers looked at the role of conflict (or violence) in shaping risk preferences. Research across the social sciences has shown how traumas of different kinds (natural calamities, economic slumps, or personal traumas), or even the recollection of traumas, can modify risk preferences temporarily or permanently (Malmendier and Nagel, 2011; Voors et al., 2012; Eckel et al., 2009; Lerner and Keltner, 2001) . Similar findings are emerging in studies related to conflict. Voors et al. [2012] run a number of experiments among individuals who have been affected by violence in Burundi and find that individuals who experienced violence or lived in communities that experienced violence are significantly more risk-tolerant. Callen et al. [2014] looked at violence and risk preferences in Afghanistan. They find that preferences for certain outcomes increase when individuals are exposed to violence or even recollect violent episodes (what they refer to as "the certainty premium"). These studies are closely related to our work but they focused on understanding how conflict (or violence) affects risk preferences rather than understanding whether risk preferences contribute to select migrants and nonmigrants. They are important for us because they point to a potentially confounding factor. Differences in risk preferences between migrants and nonmigrants may be a reflection of the longer impact that conflict has on risk-aversion for the nonmigrants rather than the outcome of a self-selection process, a hypothesis we will test in the paper.
The other body of literature that is related to our paper is the one on economic migration and risk preferences. This is quite vast and emerged in response to the seminal migration model proposed by Todaro [1969] . The original model focussed on rural-urban migration and identified expected income as the core driver of migration in line with EU theory. This hypothesis was later found to be inconsistent with some of the empirical evidence that emerged from developing economies and one of the early explanations for this failure was risk-aversion. Simon [1964] and Myrdal [1968] had already noticed that migrants are selectively drawn from rural areas based on personal characteristics that are closely associated with risk-taking such as young age so that one should expect risk-tolerant individuals to be more likely to migrate. In a theoretical model devised as a critique to the Todaro model, Katz and Stark [1986] showed that a small chance of reaping high rewards is a sufficient condition to trigger migration irrespective of wage differentials, a finding that would make risk-taking behavior consistent with economic migration. Recent empirical work in developed and developing economies supports this view. Using data from the German Socio-Economic Panel (GSOEP), Jaeger et al. [2010] find that Germans who had spells of migration between 2000 and 2006 were more likely to be risk-tolerant individuals as opposed to those who did not move. Using the 2009 round of the Rural Household Survey (RHS) of China, Akgüç et al. [2016] find that risk-tolerance positively affects the decision to migrate and this holds for households as well as for household heads and their spouses. It is important to note here that this literature focuses on self-selection of individuals into migrants and nonmigrants. It does not address the question of whether exposure to poverty (instead of conflict) has an impact on risk preferences. 4 This paper uses household and conflict panel data from Nigeria for the period 2010-2016 to predict migration from conflict areas with a QM model. It finds the model to predict riskaverse individuals to leave conflict areas and risk-tolerant individuals to stay. Using a direct measure of risk preferences, it also finds these predictions to match observed risk preferences among leavers and stayers. If these results are confirmed, there is clearly a sharp difference between economic migrants and forced migrants in terms of risk preferences. Economic migrants are less risk-averse and migrate with the expectation of reaping large rewards and better living conditions. Forced migrants are more risk-averse and migrate in an effort to protect their lives and minimum living standards. As discussed in the conclusions, these findings have important policy implications for both the place of origin and the place of destination of migrants.
The paper is organized as follows. Section 2 summarizes traditional models of decision under uncertainty and outlines the model we propose; Section 3 describes the empirical strategy. Section 4 illustrates the data, Section 5 shows the results and Section 6 concludes summarizing results and discussing policy implications.
Modeling Decisions under Uncertainty

Expected utility and recent developments
Orthodox economic theory frames decision making under uncertainty using models of expected utility maximization. 5 The backbone of these models is the von NeumannMorgenstern Expected Utility (EU) model (1944) , where individuals' utilities over n possible states of the world are described as
where π i is the probability that state of the world i occurs, with n i=1 π i = 1, and u(x i ) is the utility associated with outcome x i , which we will consider some monetary value, such as levels of income or expenditure. Let F x denote the cumulative distribution function associated to the random variable (also referred to as prospect, or lottery)
In standard models of these kinds, individuals are expected to be risk-averse so that the function u(.) is expected to be concave. A prospect y is non preferred (riskier) to a prospect x when y is a mean preserving spread of x (see Rothschild and Stiglitz, 1970) . Figure 2 provides an example of a mean-preserving spread. Distributions x and y have the same expected outcome of 5 but distribution x has a smaller spread of outcomes than y. EU theory predicts that U (x) > U (y), or that x y (x is preferred to y). Risk-aversion induces individuals to choose the prospect with the lowest spread of outcomes (variance), given the same expected outcome. Note that for individuals to make a decision among two prospects, they must have complete information on the entire domain of the distribution of outcomes.
While the von Neumann-Morgenstern EU model remains the model of choice for most economists, several critiques have emerged over the past few decades. One early critique is the Ellsberg paradox (Ellsberg, 1961) or the question of ambiguity aversion. When 5 The original idea dates back at least to Daniel Bernoulli (Versuch einer neuen Tizeorie der Wertbestirnrnung von Gliicksfdllen, Leipzig, 1896, translated by A. Pringsheim from "Specimen theoriae novae de mensura sortis" Commentarii acaderniae scienliarum imperialis Petropolitanae, Vol. V, for the years I730 and I731, published in 1738). It was rejected by classical economists such as Marshall on the ground that maximizing expected utility with a utility curve with diminishing returns implies that: "The gain in utility from winning a dollar will be less than the loss of utility from losing a dollar (...), individuals would always have to be paid to induce them to bear a risk. But this implication is clearly contrary to actual behavior" (Friedman and Savage, 1948). individuals are put in front of two alternatives, one with a certain low outcome and one with an uncertain high outcome, they would generally opt for the certain low outcome because of preferences for known odds to unknown odds and this violates the postulates of expected utility theory.
A second and more recent critique to the EU model is Kahneman and Tversky's [1979] prospect theory. The central theme of the critique is that people underweight outcomes that have very low probability of occurring and overweight outcomes that have a very high probability (this is called the certainty effect). Considering equal weighting as in EU theory can lead to the Allais paradox (Allais, 1953) where different choice frameworks can lead to opposite conclusions about the dominance of alternative choices. Kahneman and Tversky [1979] showed that, for negative prospects, preferences are reversed as compared to positive prospects (this is called the reflection effect). Therefore, " [...] certainty increases the aversiveness of losses as well as the desirability of gains" (Kahneman and Tversky, 1979, p. 269) . The authors introduce the notion of decision weight to weigh the importance that people give to different probabilities so that the expected utility function becomes the following equation (2):
where the weighting function w(·) : [0, 1] −→ [0, 1] infinitely underweighs infinitesimal probabilities and infinitely overweighs near-one probabilities.
Both the Ellsberg and Khanemann and Tversky critiques show that decisions under uncertainty cannot be driven simply by a mean and spread of a probabilistic distribution but that individuals attribute different importance to and have different preferences for different parts of the probability distribution. Behavioral and experimental economics have now provided countless examples supporting these views but it remains difficult to test the predictions of these models with non experimental and empirical data.
Recent models of economic migration have also advanced our understanding of intertemporal decisional processes emphasising the importance of past experiences and learning processes in decision making in a dynamic or life-cycle framework (Kenna and Walker [2013] ), a feature that is also shared by EU types of models that include subsistence thresholds. These models provide alternatives to classic EU models and allow for outcomes that could explain, for example, why individuals may choose not to migrate even when migrating would clearly improve their present welfare and utility. 6 The general idea is that individuals have long-term rather than short-term goals and adapt to lower present consumption for ensuring long-term subsistence or other consumption goals. In the context of the Boko Haram conflict in North-East Nigeria and, more generally, in the context of forced migration, these models are less relevant as the decision to move is taken quickly and it is less likely that individuals can learn from past experiences. Indeed, one of the factors that explains Boko Haram's success is related to the fact that its incursions are audacious and unpredictable such as the kidnapping of 200 schoolgirls in 2014. Under such circumstances, behavioral factors such as risk aversion become more important to decision making than rational planning based on past experiences.
Our interest is to see how we can devise a model that draws on the intuitions provided by behavioral economics and the economics of migration but remains sufficently simple to predict migration decisions in the short-term and be tested with empirical data that are commonly available to researchers. The model presented in the next section is not necessarily a substitute of existing models but a viable alternative for empirical researchers working with real world data.
A simplified Quantile Maximization Model
We saw that in EU theory risk-aversion is a measure of how much individuals dislike the spread of prospect outcomes. We argue, instead, that a more relevant interpretation of risk-aversion for individuals facing conflict is their concern for downside risks.
Consider the two prospects x and y reported in Figure 2 , and assume that an individual is concerned not about the spread, but about falling below any given value with probability greater than 0.5. With such (downside) risk of 0.5, this individual obtains 2 in lottery x and 3 in lottery y. Therefore, this individual will choose lottery y. Note that this different interpretation of risk-aversion (aversion to downside risk as opposed to spread), allows a more parsimonious assumption on the set of information available to individuals. In particular, individuals are not expected to have information about F x and F y over their entire domain, but only up to the smallest realization of the prospects x and y such that (in this specific example) F x ≥ 0.5 and F y ≥ 0.5. Also, no hypothesis on the shape of individual utility functions is needed. The only assumption is that people prefer more to less.
If individuals are concerned with downside risk and not with mean preserving spreads, EU Maximization is not helpful in modeling and predicting individual choices. An alternative framework which models the attitude of individuals towards downside risk is Quantile Maximization (QM). In QM, individuals concentrate only on selected segments (quantiles) of the distribution of prospective outcomes, according to their risk attitude. On one extreme, the most cautious individual will choose the lottery with the highest return in the worst case scenario (maxmin decision maker); on the other extreme, the least cautious will pick the lottery with the highest return in the best case scenario (maxmax decision maker). More in general, individuals may be somewhere in between the two extreme cases, being τ -quantile decision makers. Rostek [2010] provides the theoretical characterization of quantile maximization in decision theory. Let F x be the cumulative probability distribution of the prospect x. Then, the τ -th quantile of x is a (generalized) inverse of the cumulative distribution at τ , defined as the smallest value x i such that the probability that the prospect x will be less than x i is not smaller than τ :
while for τ = 0, the quantile is defined as
A decision maker is said to be a τ −quantile maximizer if there exists a unique τ ∈ [0, 1], such that for all x, y ∈ F,
Similarly to the EU maximizer, where individuals evaluate lotteries on the basis of a single statistics, namely the mean, the τ -maximizer assesses the value of each lottery by the τ -th quantile realization. As mentioned above, at the extreme, quantile maximization includes the maxmin maximizer who picks the lottery with the highest payoff among the lowest outcomes:
and the maxmax maximizer selects the lottery with the highest payoff among the highest outcomes:
As an example, let us assume that x and y are two lotteries with four different equally plausible states of the world each, as represented in Figure 3 . The corresponding cumulative distribution functions F x and F y are graphically represented in Figure 4 . The EU maximizer will select lottery y to lottery x, since the two lotteries have the same mean but x has a wider spread around the mean. Instead, different τ -maximizers will choose a different lottery depending on the quantile they focus on. For τ =0, y will be preferred over x because the highest outcome in the worse-case scenario belongs to y. This is true for all values of τ ∈ (0, 1/2). For τ ≥ 1/2, the preferred lottery becomes x because, with a probability equal or larger than 1/2, the minimum outcome that individuals can realize under x is always higher than the minimum outcome which they can realize under y.
In our model, the two lotteries correspond to the prospects of migrating and non migrating. We claim that the different risk-aversion gradient of individuals results in different migration choices because they concentrate on a different quantile to take their decision. If x is the prospect of migrating and y is the prospect of staying, only relatively more risk-tolerant individuals would leave their homes.
Note that, in the QM framework, individuals can be ordered with respect to their degree of risk-aversion by looking at the quantile chosen to make decisions among different prospects. In particular, as noted by Rostek [2010] , in "the Quantile Maximization model, τ < τ if and only if a τ −maximizer is weakly more averse toward downside risk than a τ −maximizer" (Rostek, 2010, p.354) .
To conclude, the advantages of QM over EU can be summarized as follows: (i) QM does not require any hypothesis on the shape of individual utility functions, only that more (income or expenditure) is better than less; (ii) QM does not require full information on the entire support of distribution functions of future prospects, only on part of the domain (even just the extreme realizations, without any probabilistic information, in the extreme cases of maxmin and maxmax decision makers); (iii) QM allows to model a type of risk-aversion, namely, aversion to downside risks, which appears to be better suited to model decision under conflict; (iv) QM does not require a learning process based on past experiences similar to recent EU types of models proposed in the context of economic migration and is therefore more suitable for choices made in a forced displacement context.
Empirical strategy
Our empirical strategy is structured in four steps: 1) Estimation of the distributions of outcomes (lotteries) for people living under conflict who decide to stay or leave; 2) Predictions of migration choices for people with different risk preferences (focusing on different quantiles of the distributions) based on the QM model; 3) Test whether the QM predictions match observed risk preferences among stayers and leavers; 4) Test for a potential cunfounding factor.
The first step of our empirical strategy is to determine the distribution of potential outcomes for people opting to stay or leave conflict-affected areas where outcomes are measured in terms of household expenditure per capita. The outcomes for stayers are observed and the distribution of these outcomes can be derived directly from data. The potential gains (outcomes) of moving from conflict to non conflict areas are not observed and require estimation. In order to estimate these potential gains for households living in conflict areas, we first estimate a welfare equation for non-conflict areas as a log-linear equation as follows:
where y is household expenditure per capita, i = 1, 2, . . . , n are all households living in non-conflict affected areas (nc), and X i,nc is a matrix of household-specific characteristics. The estimated coefficientsβ nc are then used to predict the expenditure levels that households living in conflict areas could potentially have if they migrated to non-conflict-affected areas:
We then use Duan's smearing re-transformation to obtain levels of expenditure starting from the predicted log expenditures (Duan, 1983) .
This procedure allows us to obtain two comparable distributions of potential outcomes (lotteries) for people living under conflict if they choose to stay or to leave. The first distribution can be interpreted as the distribution of gains for people who decide to stay (stayers) and the second distribution can be interpreted as the distribution of gains for people who decide to leave (leavers).
As in all prediction models of this kind, selection on unobservables is of course possible but less likely than in models looking at mean outcomes for treated and untreated individuals. In our case, we are not comparing two groups (treated and non treated) but two lotteries for the same group. The two lotteries relate to the same people with the same observable and unobservable characteristics. We are also assuming that people take decisions based on the same observables we have in the data. There may be unobservables relevant to predict consumption that bias consumption estimates but they are irrelevant for the decision to flee conflict if they are not observed by the decision makers. The other assumption we make (common to all cross-imputation exercises) is that the Betas of the prediction equation are constant if one migrates or stays. This is a strong assumption of course and we could still miss on some unobservables that are important to people when deciding to flee conflict, they are observed by the decision makers but not captured by the data and are unrelated to risk aversion. One of the likely factors that fall in this category is having kin in safe areas, a factor we do not observe and is likely to affect the decision to migrate. To address this question, we have added language to the prediction of consumption in the case of migration as a proxy for kin networks.
The second step consists of comparing the two distributions of gains to find the migration choice that the QM model would predict for people with different risk preferences, or at the extreme, maxmin (risk averse) and maxmax (risk tolerant) individuals. This is done by means of stochastic dominance analysis of first degree, i.e. by comparing the Cumulative Distribution Functions (CDFs) of the two lotteries. This analysis reveals the highest gain (dominance) between the two lotteries for each quantile of the probability distributions. 7 It can tell us, therefore, what the migration preference of people focusing on different quantiles would be. Or, in a world of only maxmin and maxmax individuals, it will predict the migration choice made by these two groups.
The third step is to test whether the predictions of the QM model match the risk preferences observed among stayers and leavers. This is done using a direct question on risk preferences administered to respondents and studying the association between migration status and risk preferences as follows:
where M (0, 1) is the migration status of heads of households i, RA is the observed risk aversion of heads of households, X is a vector of household and individual caracteristics and η is the error term. If the predictions of the QM model for risk averse and risk tolereant individuals match the risk preferences observed among stayers and leavers, we consider our model successfully tested. Note that we expect RA i to be independent of η i because many of the known correlates of RA i are observed and present in X i .
The fourth and final step is to test for a possible confounding factor. As already discussed, one possible confounding factor of our results is that conflict could increase risk-tolerance as found by Voors et al. [2012] for Burundi and by Callen et al. [2014] for Afghanistan. If this is the case, results could be explained solely by the fact that stayers and leavers are exposed to conflict for different lenghts of time. To test for this confounding factor we carry out a Difference-in-Differences (DiD) test. We consider risk-aversion as an outcome, conflict as treatment and migration as a control and interact conflict and migration to obtain the DiD estimator as follows:
Where RA i is risk-aversion, C i is a dummy variable taking value 1 if the individual has experienced conflict and 0 otherwise; M i is a dummy variable taking value 1 if the individual never migrated over the period taken into account and 0 otherwise, X i is a matrix of individual's socio-economic characteristics, and π is the error term.
Data and context
The paper uses household and conflict data from Nigeria, the largest country in Africa in terms of population and GDP and also the largest country in terms of IDPs in spite of relatively low migration flows. Estimates of external migration are gross and point to relatively low stocks. It is estimated that in 2010 the stock of immigrants was about 1.1 million people with the quasi totality originating in other African countries whereas the stock of emigrants was estimated at just about over one million with most of these emigrants found in the Sudan, United States and United Kingdom (IOM [2009] ). More significant is internal migration with an estimated 6-7 percentage of the population living in areas other than those where they were born but still a low figure when compared to countries with high internal migration.
In this migration context, forced migration is a very significant factor and most of this migration can be reconduced to one conflict: The Boko Haram conflict. The current number of IDPs is estimated at over 2.2 million, a very large number when compared to external migration and even to internal migration. The quasi-totality of these IDPs derived from the conflict between the Nigerian state and the Boko Haram insurgents in the North East of the country. Nigeria has endured high degrees of violence in many parts of the country for decades, particulalry around the Niger delta in the South, but the conflict associated with Boko Haram has been the most intensive internal conflict to date in terms of number of deaths and displacement and certainly the most relevant for the recent period of time we observe. This conflict started to gain force around 2010, reached its peak in violence between 2014 and 2015 and continues to these days with frequent episodes.
The household data we use is the General Household Survey (GHS) administered by the National Bureau of Statistics (NBS) of the Federal Government of Nigeria in collaboration with the World Bank Living Standards Measurement Study. 8 Since 2010, this survey contains a panel component of 5,000 households administered during the post-planting and post-harvest seasons every other year. Each of these two components is a self-contained nationally and regionally representative survey and is administered in a different calendar year. This makes a total of six points in time with one point in time per calendar year between 2010 and 2016 (in 2015 the survey was not administered due to the degree of violence in the country). This is the period we consider, which fully captures the evolution of the Boko Haram conflict. We have four points in time before the peak in violence and two points in time after that.
The panel is a fixed (non-rotating) panel where missing households are traced to their new addresses and interviewed when possible. This reduced the attrition rate at the end of the six rounds to 8.3 percent of households. The survey records the reason why households do not respond, as summarized in Table 1 for the case of the last visit in 2016. A third of the attrition is due to the impossibility of interviewing households living in crisis areas. In particular, 14 enumeration areas could not be visited in Borno and Yobe States at the peak of the conflict in 2015, which is potentially problematic for our analysis. In this paper, we do not use panel models because one of our key variables (risk preferences) was only measured during the last round in 2016. However, attrition could potentially bias our 2016 sample with respect to key variables and controls. We test therefore for attrition before describing the rest of the data.
The original sample weights are adjusted by the national statiscal agency to account for attrition using household nonresponse rates by enumeration areas (we refer the reader to the Basic Information Document, p.21 and its Appendix 5 for further details, GHS, 2016). To test whether this correction restores the means of the original sample, we conducted means tests with the 2010 sample on all variables of interest between the full sample and the sample with attrition. 9 Table 2 describes all relevant variables we use in the paper and Table 3 reports results of the means tests. The test shows no significant differences across all variables of interest with the exception of household size and the marital status of the head of the household. Both variables are only used as controls in the analysis and the difference in means between the two samples is very small. We do not expect these differences to affect our results.
Instead, attrition could affect the prediction capacity of these variables when used together in a multivariate forms in models that include our key variables: expenditure per capita and risk aversion. The variables considered in Table 3 enter the models used to predict expenditure (equations 8 and 9) and to study the association between migration and risk aversion (equation 10) in a multivariate form. To test for non random attrition on per capita expenditure and risk-aversion respectively, we compare the Cumulative Distribution Functions (CDFs) of the predicted values of these variables (based on the predictors listed in Table 3 ) and test for stochastic dominance of first degree between the samples with and without attrition. This is a rather simple but effective test. We want to make sure that predictors are stable with respect to these variables whether we have attrition or not. If the predictions generated by the sample with attrition are different from those generated by the sample without attrition, our results would be biased.
For per capita expenditure, we observe this variable all along the panel. We can therefore use the 2010 full sample to make predictions and then compare the two distributions of predicted values for the sample with and without attrition. Results are shown in Table  4 and Figure 5 and show that there is no difference in the distributions of predicted values between the two samples. For risk-aversion, we observe this variable only in 2016. We assume that risk-aversion is time-invariant and we use individual characteristics in 2010 to predict the probability of being risk-tolerant for the full panel based on individuals left in the 2016 panel sample with attrition. Results are shown in Table 5 and Figure 6 and show again that there is no difference in the distribution of predicted values of risk-aversion between the overall sample and the sample with attrition. We can therefore conclude that attrition does not bias our results with respect to per capita expenditure and risk-aversion.
The migration status of households is measured across the 774 Local Government Areas (LGAs), the lowest administrative subdivision available in our data. We consider a household to have migrated if it changed LGA in any of the years considered. We consider three migration statuses for Equation 10. People who have migrated from areas with no conflict, people who have migrated from areas with some conflict (conflict in at least one year of the six years considered) and people who have migrated from areas with permanent conflict (conflict in all six years considered). Overall, we have 329 migrant households (6.6 percent of the sample) and 90.5 percent of these migrants migrated within one of the six geographical regions. Therefore, most of the migration observed is short range migration.
To control for possible predictors of risk-aversion in equation 10, we include most known correlates of risk preferences. Risk-aversion has been found to be higher in women and lower in men or individuals with higher levels of testosterone (Eckel and Grossman, 2008; Apicella et al., 2008; Johnson et al., 2006) , and higher for married and older individuals (Kuznets, 1964; Myrdal, 1968) ; it is associated with lower cognitive abilities (Dohmen et al., 2010) , lower levels of skills, occupational status and income (Hartog et al., 2002) . Risk preferences were also found to be genetic and transmissible through generations (Dohmen et al., 2011; Becker et al., 2016) . Our models control for age, education, marital status and occupational status. We do not have information on testosterone levels, genetic heritage or cognitive abilities but it can be argued that gender is a good proxy for testosterone levels whereas education and employment status are good proxies for cognitive abilities whereas we measure migration across small administrative areas where genetic diversity is not expected to be very large. Instead, income (proxied by expenditure in our data) is our measure of outcomes and should not be controlled for in the migration equation by design.
The 2016 GHS also contains a battery of behavioral questions, which include questions on risk-aversion. To assess the degree of risk-aversion we used the following question: Suppose you want to invest some money. Which option do you prefer? A) Investing in a business where I can't lose money but has low profits; B) Investing in a business where there is a chance I can lose money but potentially brings high profits. Empirical studies on migration and risk-aversion typically use as measures of risk-aversion a self-assessment measured on a scale from 0 to 10 (Bonin et al., 2009; Jaeger et al., 2010; Akgüç et al., 2016) . These studies then argue that this scale is a proper measure of risk-aversion because it is closely associated with direct measurements of risk-aversion as shown by Jaeger et al. [2010] and Dohmen et al. [2011] . In our study, we do not need this extra verification as we have a question that measures risk preferences directly.
The second data set we use is the The Armed Conflict Location & Event Data (ACLED). These data cover daily conflicts episodes in the country since 1997 and include information on the cause of conflict, perpetrators, casualties and fatalities. We will use the number of fatalities by LGA and match these data with the GHS panel data for the period 2010-2016. We then subdivide LGAs in areas that had no conflict (in any of the years considered), areas with some conflict (defined as areas with fatalities due to conflict in at least one of the years considered but less than six years) and areas always in conflict (defined as areas with fatalities due to conflict in all six years considered). 10 The ACLED data set is not perfect as many episodes of violence are not reported or detected but the map of casualties constructed with these data shows correctly all the areas where the conflict was known to be intense (see Figure 7) .
Results
We report results following the order described in the empirical strategy. As a first step we estimate the distributions of outcomes. Table 6 reports coefficients and standard errors of the predicted model for households living in non-conflict areas (Equation 8). 11 Next, 10 Data are available on-line and include codebooks, user guides, questionnaires and other relevant material (see http://www.acleddata.com/data/).
11 Note that the equation in Table 6 was also run without variables related to the quality of dwelling. This was to allow for the hypothesis that people may expect to live in makeshift shelters once they move. Results of this test showed that the R squared decreased by 4 percetage points whereas the following results on the dominance analysis remained intact. We also know that most migrants captured by the survey moved to accomodations not too dissimilar from their own homes with the exception of some of the IDPs hosted in the estimated coefficientsβ nc are used to predict the expenditure levels that households living in conflict areas could potentially have if they migrated to non-conflict-affected areas (Equation 9). We then use Duan's smearing re-transformation to obtain levels of expenditure starting from the predicted log expenditures (Duan, 1983) .
As a second step, the observed distribution of expenditure per capita of people living in conflict areas is compared with the distribution of predicted values for the same people if they migrated to non-conflict areas. Figure 8 shows the results using the 2016 GHS data. It is clear that the two curves cross in one point splitting the samples into two parts. The left end side of the CDFs shows that the curve of predicted values (gains from leaving) dominates the curve of observed values (gains from staying). The QM model would therefore predict that maxmin (risk averse) individuals who focus on the left hand side of the distrbutions (low gains) would opt to leave. Instead, the opposite is true for the right end side of the CDFs. In this case, the QM model would predict that maxmax (risk tolerant) individuals who focus on the higher end of the distributions (high gains) would opt to stay. As shown in the right hand panel of Figure 8 , these differences are statistically significant. Therefore, the QM model predicts maxmin (risk-averse) individuals to leave and maxmax (risk-tolerant) individuals to stay.
As a third step, we test whether these QM predictions match reality. We test whether risk-averse (maxmin) individuals are effectively associated with migrating and risk-tolerant (maxmax) individuals are effectively associated with staying. Recall that migrants are defined as those households who have changed LGA at some point in time during the six panel waves and that risk-aversion is assessed using a question asked in a module of the 2016 GHS data as described in the data section. We test the association between migration and risk-tolerance for household heads controlling for a set of household socio-economic characteristics.
Results are shown in Table 7 . 12 The association between migration and risk-tolerance is negative and significant in all three specifications of the equation. The three specifications differ in the dependent variable. In all three equations, "0" corresponds to migrants and "1" corresponds to non-migrants. However, the "1" changes in the three equations to capture different degrees of conflict in the area of origin. Equation (1) captures non-migrants irrespective of whether the area of origin had conflict in previous periods (2010) (2011) (2012) (2013) (2014) or not. Equation (2) uses a sub-sample of non-migrants who originates from areas that had some conflict over the previous periods and Equation (3) reduces the sample to people in areas that had always conflict over the previous periods. Results show that the coefficient camps. Moreover, migrants are generally expected to overestimate rather than underestimate the benefits of migration.
12 Note that some of the covariates related to the quality of dwelling are dropped in Table 7 because of perfect prediction. The variable "language" is also not included in this table and the next because it almost perfectly predicts areas in conflict. For instance, people living in areas affected by the Boko Haram conflict speak almost invariably Kanun or Hausa whereas people living in violent areas in the South speak mostly Igbo. As one would expect, language is closely associated with location.
is always significant and that the size of the coefficient increases from Equation (1) to Equation (3). This shows that those who opt to migrate are the maxmin (risk averse) individuals and those who stay are the maxmax (risk tolerant) individuals as predicted by the QM model with the dominance analysis. It also shows that the positive association between staying and risk-tolerance is stronger for people who sustained longer spells of violence.
As a fourth and last step, we test for a possible confounding factor. Recall that conflict could increase risk-tolerance as found elsewhere and that the lower risk-aversion that we find among stayers in Table 7 could be explained solely by the fact that stayers have experienced a longer period of violence as compared to leavers. To test for this confounding factor we carry out a Difference-in-Differences (DiD) test.
Results are reported in Table 8 and show that conflict and the interaction between these two variables (the DiD coefficient) are both non significant. Note also that the low R-squared and the insignificance of the independent variables are further evidence that the covariates of risk-aversion in Table 7 are independent. We can therefore reject the hypothesis that conflict affects risk preferences and explains the difference in risk preferences between movers and stayers.
Conclusion
The paper departed from standard utility theory under uncertainty positing that individuals living in conflict areas are quantile maximizers as opposed to expected utility maximizers. In its most extreme form, quantile maximization implies that individuals tend to cluster into two groups, maxmin (risk-averse) and maxmax (risk-tolerant) individuals.
We then proposed a four-step approach to test the model with empirical data: 1) Estimation of the distributions of outcomes (lotteries) for people living under conflict who decide to stay or leave; 2) Predictions of migration choices for people with different risk preferences (focusing on different quantiles of the distributions) based on the QM model; 3) Test whether the QM predictions match observed risk preferences among stayers and leavers; 4) Test for a potential cunfounding factor.
Using household and conflict data from Nigeria, we found that the predictions of the QM model correctly identify stayers and leavers based on risk preferences. The CDFs of observed and predicted gains from staying and migrating crossed in one point. We also found that risk-averse individuals have a greater propensity to migrate whereas risk-tolerant individuals have a greater propensity to stay as predicted by the dominance analysis. This association is very significant and increases passing from general migration to migration from high conflict areas. We also tested for a possible confounding factor related to the possibility that conflict affects risk preferences and explains the observed difference between migrants and nonmigrants. We used a DiD estimator to test for this possibility and found no evidence that conflict affects risk-aversion.
How do these findings fare with the existing literature? In our knowledge, this is the first paper of its kind. We are not aware of another paper that attempted to use a similar model of decision making under conflict and then test the model empirically with household data. The closest work to our study is an unpublished experiment conducted on combatants and non combatants in conflict and non conflict zones of Aleppo (Syrian Arab Republic) in 2013 and 2014 (Whitt and Mironova, 2017 . Using a variation of the Grossman (2002, 2008) risk game, the authors find combatants and non-combatants in rebel-held conflict zones to be more risk-tolerant than other Syrian Arab Republicns in other parts of Syrian Arab Republic or Syrian Arab Republicns who fled abroad to Turkey. Therefore, the only other similar study we found would confirm our results on Nigeria.
Instead, these findings are in stark contrast with the literature on economic migration and risk preferences (Jaeger et al., 2010 and Akgüç et al., 2016) . There is a remarkable difference between risk-tolerant economic migrants and risk-averse forced migrants. The cause of flight (economic or flight from violence) is therefore a discriminant in the selfselection process of migrant populations. Forced migration in Nigeria seems to be driven by risk-aversion and a desire to protect one's own minimum living standards as opposed to leaving in search of greater opportunities and rewards.
These findings have important policy implications for the place of origin of migrants. Stopping or reducing conflict would be a necessary condition for most of the forced migrants to return home and, possibly, a sufficient condition if the place of origin guarantees basic needs. Indeed, most of the forced migrants tend to settle close to the place of origin in the expectation of going home when peace is restored. Evidence on economic migrants shows instead that this group is more likely to focus on growth opportunities and is ready to travel far and stay away for extended periods of time irrespective of conflict. This group would require substantial improvements in the place of origin to justify return, a condition that is rarely met in the short or medium term in a development context. These same findings have also important policy implications for the place of destination of migrants. Risk-averse forced migrants who tend to settle close to the place of origin and expect to return when conditions allow would be less inclined to take entrepreneurial risks and invest in the place of destination whereas they are more likely to endure subsistence types of livelihoods. Instead, economic migrants who are more risk tolerant and seek longterm opportunities in better off places would be less likely to endure subsistence conditions and more likely to travel to a further destination even if the journeys imply important risks. This has implications for the type of policies that host governments may want to adopt for economic migrants as opposed to forced migrants. When compared with results on economic migration, our results suggest that bundling economic and forced migrants into one class does not serve well neither the place of origin nor the place of destination. 1956 1961 1966 1971 1976 1981 1986 1991 1996 2001 2006 2011 2016 Source: Authors' elaboration based on UNHCR Data. LGAs Nigeria is divided into, the dataset contains observations from 467
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